Deval tests is very important for the engineer when designing and building civil engineering works. Laboratories test often performed to obtain Los Angeles and Micro-Deval values are expensive and time consuming. For this, the depths (parallel and perpendicular to the foliation planes) obtained during a rock drilling test will be used to estimate its Los Angeles and Micro Deval values. In this study, an ANFIS approach is used to estimate gneisses and granites Los Angeles and Micro-Deval that have been compared to the Multiple Linear Regression method. For this purpose, we have used a database of a sample size of 80 to determine the parameters of the ANFIS and Multiple Linear Regression models, and a second sample of size 15 used for the validation tests. The results obtained show us that we can estimate the mechanical properties (Los Angeles and Micro-Deval) of gneisses and granites with the ANFIS approach.
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Introduction
The construction of important civil engineering structures (dams, power plants, buildings, bridges, roadways) requires the use of good quality materials (aggregates) to guarantee users safety. The main specification for the use of aggregates relates to their mechanical strength. The current tests of Los Angeles (LA) and Micro Deval (MD) evaluating the quality and durability of these aggregates are expensive, difficult and time-consuming. Our constant concern in this study is to reduce the relatively high costs of these tests by developing Adaptive Neuro-Fuzzy Inference System (ANFIS) models where input will include the depth values obtained during the rock drilling tests and out will give the Los Angeles Abrasion (LA) and the Micro Deval Abrasion (MD). The test consists of measuring the depth created by the drill in a rock for a fixed time (t). Thus the use of the ANFIS approach by Gokceoglu et al. [1] to predict the mechanical properties of rocks, by Aali et al. [2] to estimate the soil saturation coefficient and by Singh et al. [3] for the prediction of the deformation modulus of rocks, we believe that the mechanical properties of rocks, such as the Los Angeles Abrasion and the Micro Deval Abrasion, can be predicted with the ANFIS approach. The ANFIS combines the advantages of a neural network [4] and fuzzy logic [5] . In this study, we used the ANFIS approach and compared it to an approach based on the Multiple Linear Regression [6] for the prediction of the mechanical properties of rocks from the perforation depth resulting from a drilling test. The Los Angeles and Micro Deval tests respectively make it possible to determine the resistance to abrasion and attrition wear of the rocks in the presence of water [7, 8] and therefore the mechanical properties of the aggregates.
Experimental investigation

Dataset
In this study, the ANFIS approach and the MLR method are used to predict the mechanical properties of rocks including the Los Angeles and Micro Deval from the depths that represent the models input data. These depths are obtained during parallel, perpendicular and random perforations on gneisses and granites during the drilling test. Indeed, the aggregates most used in civil engineering work come from gneisses, granites in Togo. To achieve the objectives, we were interested in the gneisses of the structural unit of the Benin-Togolese plain and granites of the northern part of Togo, originating from the African croton [9] which is represented by 95 samples taken from the five (5) regions of Togo. We have a database with a total of 95 rock samples, 80 of which were used for learning process, 15 to the validation test. The rock drilling test consists of perforating the gneiss and granites using a 6 mm drill with a speed of 550 rpm under a load of 10 N. After the 10 sec perforation time, the depth created by the drill in a parallelepiped shaped rock sample ( Figure 1 ) is measured by a slide caliper.
Figure 1. Samples prepared for the rock drilling test
To perform the perforation, a drill press CINCINNATI ( Figure 2 ) was used to which a dynamometer was attached applying a drilling force of 10 N.
On each rock sample, five (05) perforations were produced in the foliation layers (both parallel and perpendicular plane) for gneisses and in two perpendicular planes for granites. By foliation we mean the set of parallel planes according to which the new minerals are crystallized. The average value of the five (05) depths of perforation obtained will serve as the input data of the models to be produced. Thus, we have the input data, which is the average depth of perforation parallel to the plane of foliation, which we will simply call depths of perforation parallel to the foliation plane (DPaFP) and the depths average of the perforation perpendicular to the foliation plane is also called in a simple way perforation depths perpendicular to the foliation plane (DPeFP).
________________________________________________________________________________________________________________________
Multiple linear regression
The Multiple Linear Regression Model [6, 10] for two regresses 1
x and 2
x is given in (1),
where y represents the response, 0 β , 1 β , 2 β are called the regression coefficients, and ε is a random error term.
Figure 2. Drill Press CINCINNATI
The adaptive neuro-fuzzy ANFIS
The neuro-fuzzy system is a hybrid system that combines the techniques of fuzzy logic and neural networks [5, 6, 12 and 12] .
We distinguish two great families of fuzzy systems [13] , that of Mamdani and that of Takagi-Sugeno. Thus, the neuro-fuzzy systems are classified into two large families that are the Mamdani neuro-fuzzy system and the Takagi-Sugeno neuro-fussy system. The Takagi-Sugeno neuro-fuzzy systems are most widely used [14] , thanks to their universal approximation properties and the fact that they no longer require a defuzzification module as in the case of the Mamdani fuzzy system. One of the commonly used tools, based on the Takagi-Sugeno neuro-fuzzy system is ANFIS. The ANFIS is an adaptive Neuro-Fuzzy Inference System which consists of a five (5) layer MLP neuron network for which each layer corresponds to the realization of a step of a fuzzy inference system of type Takagi-Sugeno. For simplicity, we assume that the inference system fuzzy with two inputs x and y, and z as an output. Assume that the rule base contains two fuzzy Takagi-Sugeno rules (relations (3) and (4)).
Rule 1:
IF is A1 and is B1
Rule 2: IF is A2 and is B2 THEN 2 = 2 + 2 + 2 (4)
The ANFIS has an architecture laid by five layers as shown in Figure 3 [14] : (5) and (6) define the Gaussian membership function:
where, i, j = 1.2; and are the centers and σ the width of the membership function. The outputs of the first layer are given by the relations (7) and (8) 
Then, the values μAi (x), μBj (y) respectively represent the degree of belonging of value x to the set and y to the set B. Layer 2: each node corresponds to a fuzzy Tstandard (the T-standard operator makes it possible to achieve the equivalent of a Boolean "AND"). It receives the output of fuzzification nodes and calculates its output value thanks to the product operator (this operator is generally used but there are others: max, min ...). The activation function of the neurons i of the first layer is expressed by the relation (9) [5] :
Layer 3: This layer normalizes the results provided by the previous layer according to relation (10) . The results obtained represent the degree of involvement of the value in the final result [15] . The output of this layer can be written according to relation (10). The outputs of this layer are called the normalized weights. Layer 4: Each node of this layer is connected to the initial inputs. The result is calculated according to its input and a linear combination of the first order of the initial entries (Takagi-Sugeno approach). The output of this layer is expressed by the relation (11).
where: is the output of the third layer; and are the set of parameters designated under the name: "consequent". Layer 5: it consists of a single neuron which calculates the sum of the signals of the preceding layer accordingly to relation (12): 
The ANFIS uses a hybrid learning process for the estimation of the premise and consequent parameters [1] . The hybrid algorithm splits learning process in two (02) independent stages: the first stage is the adaptation of learning weights, and the second one that of the adaptation of the nonlinear membership functions. This method is able to decrease the complexity of the algorithm, and at the same time increase learning time [16] .
Statistical indicators used for performance evaluation
To assess the performance of the model, mean absolute percentage error (MAPE), root mean square error (RMSE), correlation coefficient (R 2 ), variance account for (VAF) and relative percentage error (RPE), have been used in this study. In the following, a brief description of the considered statistical parameters is provided.
Relative percentage error
The RPE shows the percentage deviation between the predicted values xi and those obtained by ________________________________________________________________________________________________________________________ measured values yi and its values ranging between -10% and +10% which are usually considered acceptable. RPE is defined as:
Mean absolute percentage error
The MAPE shows the mean absolute percentage difference between the predicted values and those attained by the measured values. The MAPE is calculated by [3, 4] :
Root mean square error
The RMSE identifies model accuracy by comparing the deviation between the values achieved by the predicted values and those of measured data. The RMSE has always a positive value and it is calculated using equation (15) [4]:
Correlation coefficient
The R 2 which indicates the strength of the linear relationship between the predicted values and the measured by [4] :
Variance Account for
The Variance Account For (VAF) was calculated using equation (17):
with the Variance (Var) were given by equation (18). 
Results and discussion
The comparison between the MLR and ANFIS models for the prediction of LA and MDE are made. 
The results obtained show that there is a strong correlation between LA or MD with DPaFP compared to DPeFP, which is explained by the high values of the weights assigned to DPaFP. For each type of membership function (Bell or Gaussian), the hybrid algorithm is applied to the ________________________________________________________________________________________________________________________ membership function of each input. This hybrid algorithm uses the backpropagation method and the least squares method to obtain the optimal parameters of the ANFIS model. To execute this hybrid algorithm, the iteration number is set to 100. Figures 9 and 11 show the RMSE learning process and validation error variations for the prediction of LA and MD, respectively, when the Bell membership function is used. . We can note on these two Figures (9 and 11) that RMSE errors during validation tests reach minimum values after 10th iteration more precisely at the 4th iteration for ANFIS LA prediction models and MD prediction. On the other hand, from the curves of the RMSE errors of Figures 10 and 12 which show the learning process and validation results respectively for the prediction of LA and MD for a Gaussian membership function, we note minimal errors RMSE starting from Iteration 30. To assess the performance of each model developed in this article, we calculated the five indicators whose formulas are presented in Section 4 of this article. Figures 13 and 14 present respectively the performances of the ANFIS prediction models of LA for a membership function of Bell and a Gaussian membership function. The results of Figures 13 and 14 show us that: the prediction model of LA by the ANFIS approach with the Bell type membership function is performed with an R 2 of 0.946, an RMSE of 2.181, an MAPE of 7.144, an VAF of 66.095 against the ANFIS approach with the Gaussian type membership function realized with an R 2 of 0.942, an RMSE of 2.035, with an MAPE of 6.732 and an VAF of 75.33. It should also be noted that the MLR approach, using the equation The advantages of the ANFIS model lies in the fact that it is a combination of two approaches that are the neural approach and the logic one. The hybrid algorithm that is used to determine the optimal parameters of the model. The obtained ANFIS models can be used to estimate LA and M aggregates in Togo and elsewhere in the world.
